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Abstract
In catalysis research, the amount of microscopy data acquired when imaging dynamic processes is often too much for nonautomated quantitative 
analysis. Developing machine learned segmentation models is challenged by the requirement of high-quality annotated training data. We thus 
substitute expert-annotated data with a physics-based sequential synthetic data model. We study environmental scanning electron 
microscopy (ESEM) data collected from isopropanol oxidation to acetone over cobalt oxide as an example. Upon applying a temperature 
program during the reaction a phase transition occurs, reducing the catalyst selectivity toward acetone. This is accompanied on the 
micrometer ESEM scale by the formation of cracks between the pores of the catalyst surface. We aim to generate synthetic data to train a 
neural network capable of semantic segmentation (pixel-wise labeling) of this ESEM data. This analysis will lead to insights into this phase 
transition. To generate synthetic data that approximates this transition, our algorithm composes the ESEM images of the room-temperature 
catalyst with dynamically evolving synthetic cracks satisfying physical construction principles, gathered from qualitative knowledge accessible 
in the ESEM data. We mimic the surface crack growth propagation along surface paths, avoiding close vicinity to nearby pores. This physics- 
based approach results in a lowered rate of false positives compared to a random approach.
Key words: computer vision, ESEM, LSTM, machine learning, synthetic data, U-NET

Received: May 8, 2024. Revised: August 5, 2024. Accepted: December 5, 2024 
© The Author(s) 2024. Published by Oxford University Press on behalf of the Microscopy Society of America. 
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which 
permits unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.

Introduction
Catalyst research frequently involves the use of sequential op
erando electron microscopy imaging techniques that capture 
time-series data. These imaging techniques are powerful tools 
to capture dynamic processes and phase changes at different 
scales of the catalyst (Uwins et al., 1997). However, handling 
and analysis of the large amount of data acquired at high 
frame rates (often over days) during such imaging processes 
presents a significant challenge for researchers. Thus, there is 
a growing need for automated segmentation processes that 
can efficiently analyze these large sets of electron microscopy 
data. For this purpose, many different computer vision algo
rithms and neural networks have been developed which enable 
automatic analyses focusing on different aspects of the col
lected image data, such as interface boundaries (Schneider 
et al., 2016) and carbon nanostructures (Toth et al., 2013).

For scanning electron microscopy (SEM) data, reliable se
mantic segmentation (pixel-wise labeling) is required to ex
tract meaningful statistical data from the image sequences. 
Manually segmenting such datasets is tedious and not time ef
ficient (Madsen et al., 2018). As a solution, Machine Learning 
models have been successfully employed for this purpose 
(Groschner et al., 2021). Besides saving time, using an auto
mated solution also lowers bias and provides reproducibility 
and self-consistency. However, to train a network capable of 
reliable semantic segmentation, a large amount of annotated 
training data is required. Alternatively, unsupervised learning 

methods can be used, but these methods tend to lead to less re
liable results (Ede, 2021).

Automated segmentation processes using Machine 
Learning models have shown great utility for image segmenta
tion and classification in electron microscopy. A large amount 
of research has been done for different model architectures 
and applications within this field. Supervised semantic seg
mentation models utilizing convolutional neural network 
(CNN) architectures have since become widespread, with 
many different architectures and implementations being devel
oped, such as the PixelNet, which segments microstructures in 
SEM images (DeCost et al., 2019). By convolution of trained 
filters with input images at different resolutions, CNNs are 
able to extract feature information between details and do
mains of images. The power of the CNN has also been com
bined with recurrent neural network elements (Liu et al., 
2021), such as the long short term-memory (LSTM) element 
(Hochreiter & Schmidhuber, 1997), to allow networks to 
form connections between images in image stacks. The 
LSTM cell is well suited for the identification of evolving fea
tures in an image sequence, due to its ability to remember rele
vant information (newly appearing and established features) 
and forget obsoleted information (fading features).

One widely used model is U-NET, which was originally de
veloped for biomedical applications to segment electron mi
croscopy images of cells. The core idea of the U-NET 
architecture is an encoder–decoder-like structure with skip 
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connections. Each of the contracting units in the encoder is 
mirrored with an inverse expanding unit in the decoder, linked 
from the corresponding contracting unit by a skip connection. 
This leads to the namesake U shape of the network 
(Ronneberger et al., 2015).

The U-NET architecture has been shown to be versatile and 
applicable beyond the original application of biomedical im
aging. It is well suited for segmenting transmission electron 
microscopy (TEM) images, where it can exploit the regular 
structures in the images (Bermudez-Chacon et al., 2018), as 
well as SEM images of materials and surfaces (Shah et al., 
2023).

As an alternative to assembling expert-annotated datasets, 
synthetic data methods have been developed. Synthetic data 
methods involve generating data along with ground truth us
ing a model, and then using the generated data to train a neural 
network for segmentation of the target (real) data. With 
atomic-resolution microscopy techniques such as TEM, it is 
possible to use established theoretical models to generate ac
curate synthetic data (Ziatdinov et al., 2017). However, 
when looking at lower-magnification SEM images of catalyst 
surfaces, the often chaotic nature of the macroscopic surface 
structure (Sandoval-Diaz et al., 2024) demands a more ad-hoc 
visual approach to synthetic data generation. By examining 
the important features of the data empirically, it is possible 
to create a synthetic data model that generates visually similar 
images that respect the physical behavior of the features. The 
work of Trampert et al. (2021) shows such results that directly 
inspired this work. In their work, they use exemplar-based in
painting as a synthetic data generator to train a classification 
network. To do so, a texture dictionary is built up from real 
samples to generate new backgrounds. Features are then gen
erated according to predefined parameters and superimposed 
on these backgrounds to generate the synthetic data. 
Another approach involving algorithmic features is explored 
in Govind et al. (2024).

In this work, we build upon this previous work in two ways: 
We use a physics-based model to generate sequential synthetic 
data with inpainted evolving features rather than a purely 

parametric model. The physics-based model naturally gener
ates a distribution of cracks with similar qualities (length, tor
tuosity) to those found in the real data, and confers an 
important improvement in accuracy, especially when it comes 
to false positives, over the parametric model. As our data con
sist of a time-series in which slow evolution of the features is 
clearly visible, we introduce a temporal element to the neural 
network architecture by appending a convolutional LSTM 
block (Chang, 2019) to the usual U-NET architecture. The 
convolutional LSTM block allows the neural network to 
take advantage of relations across the time dimension of the 
time-series in addition to the spatial dimensions of the images. 
To train a neural network containing an LSTM block, sequen
tial annotated training data is required. For this reason, the 
synthetic data generator was modified to generate sequences. 
In addition, an important advantage of using the U-NET in 
the context of synthetic data is that the U-NET architecture 
is very good at learning transformational invariance from aug
mented datasets (Wilms et al., 2017). As a synthetic data ap
proach could be regarded as an extreme form of data 
augmentation, as well as being combined with data augmenta
tion of the synthetic dataset, this property of the network 
architecture is advantageous (Fawaz et al., 2018).

We thus propose an approach to overcome the annotation 
challenge in training semantic segmentation neural networks. 
Instead of relying on expert-annotated data, we substitute it 
with a physics-based sequential synthetic data model. This 
model mimics the dynamic processes involving the relevant 
features observed in our example system. We investigated 
the selective oxidation of isopropanol to acetone over a cobalt 
oxide catalyst surface, where we observed the formation of 
crack features during the reaction. By training a U-NET with 
LSTM block using synthetic data we aim to train a model 
that can reliably segment this crack feature. This reaction 
has been previously investigated using Co3O4 nanoparticles 
where it was found that the catalytic performance can be 
grouped into low- and high-temperature activity regimes 
(Anke et al., 2019). It was concluded that the reduction of 
Co3+ to Co2+ and the poisoning of the active sites due to car
bonaceous deposits caused the change in the reactivity.

Materials and Methods
ESEM Experiment
In this section, we introduce the sample and the experiment 
that was performed to obtain the experimental dataset, and 
we describe the goals and challenges with regards to the ana
lysis of the dataset. A constant gas flow of isopropanol and 
oxygen was present during the experiment and the catalyst 
was heated with staggered heating to 500◦C using a laser heat
ing setup. A time-series, consisting of 1,600 frames with a scan 
time of 35.40 s, of the evolution of the catalyst surface was 
gathered during the experiment in an operando SEM experi
ment, as depicted in Figure 1. For further details about the ex
perimental setup, see Supplementary Material S1.

Within the environmental SEM (ESEM), the large field de
tector (LFD) was used as the electron detector. The LFD col
lects signals from both secondary and backscattered 
electrons by proxy through ionization of the gas present in 
the ESEM chamber. As such, the contrast obtained in this 
ESEM setup contains elements of Z-contrast and topological 
contrast (Donald, 2003). Since the gas is directly involved in 
the measurement, changes to the gas composition and 

Fig. 1. Experimental ESEM setup. ESEM is a technique that allows for 
SEM images to be taken under atmospheric conditions (Sandoval-Diaz 
et al., 2020, 2024). By using pumps to create a pressure gradient, the 
requirements of high vacuum for the operation of the electron gun, and 
low vacuum for the gas flow required for catalytic experiments within the 
sample chamber can be satisfied. LFD is the large field detector within 
the ESEM, positioned near the chamber aperture. QMS is a quadrupole 
mass spectrometer, allowing data collection of the output of the 
experiment.
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temperature affect the signal captured by the detector. 
Temperature changes are especially problematic, as they ef
fectively lead to drifting of the sample (Danilatos, 1983).

The initial surface of the catalyst displays a complex morph
ology with prominent (bright) ridges and (dark) holes (see 
Fig. 3 below). After being heated to 400◦C, a change in the sur
face texture occurs that coincides with a large drop in the se
lectivity toward acetone of the catalyst, visible in Figure 2. 
On the ridges of the catalyst surface, crack structures start to 
appear, i.e. the cracks remain spatially separated from the ori
ginal holes of the catalyst morphology. Following the forma
tion of the crack structures, the surface structure of the 
catalyst now has two key (dark) features: “holes” and 
“cracks”. The in situ formation of cracks is seemingly a result 
of the reduction process responsible for separating the system 
into two temperature regimes as suggested previously (Anke 
et al., 2019). During the formation of the cracks in the ESEM 
experiment, it can also be seen in Figure 3 that the cracks mostly 
form in the middle of the ridges of the catalyst structure, i.e. the 
parts of the surface in between the holes. This is an irreversible 
phase change, where the cracks persist throughout the cooling 
and the second heating cycle of the experiment. It can also be 
seen from the quadrupole mass spectrometer (QMS) data in 
Figure 2 that a second heating cycle of the experiment with 
the same catalyst and the already present cracks does not ex
hibit the same selectivity toward acetone as the first cycle. 
Thus, insight into the evolution of the cracks is important in or
der to establish more realistic structure–function correlations. 
The goal is to semantically segment this crack feature (assigning 
a binary classification per pixel). The formation of the crack 
feature in the image is the manifestation of a change in the cata
lyst surface, and it appears following a significant change in se
lectivity toward acetone. With the semantic segmentation data, 
statistical analysis can be performed, providing a deeper under
standing of this process (Treder et al., 2023). For this experi
mental dataset, trivial image processing methods are not 
sufficient to isolate the cracks: The holes and the cracks occupy 
the same color space and have a similar color difference from 
the background, making techniques like thresholding, or edge 
detection unsuitable.

Synthetic Dataset for Model Training
A set of backgrounds was manually taken from catalyst surface 
images before the surface transformation. The set of background 
images was augmented through random rotation, translation, 
and scaling. To generate physics-based crack structures, the 
holes in the surface structure of the background image are first 
identified by using a threshold function, using an adjusted 
form of Otsu’s method (Otsu, 1979). The threshold value result
ing from Otsu’s method is multiplied by 0.9 to improve the def
inition of the holes. A distance transform of the resulting binary 
hole map is performed. To calculate the distance transform, the 
distance between each pixel and its nearest hole pixel is com
puted. The result of this process provides a map of distances to 
holes, the distance transform map J. The synthetic cracks are 
then generated according to the algorithm illustrated in 
Figure 4 and superimposed on the corresponding background 
image. The algorithm takes the distance transform map J as an 
input and outputs a trajectory for a synthetic crack feature that 
respects the physical characteristics of the real crack features.

The algorithm utilizes an iterative process to generate these 
trajectories: The starting point of the trajectory is given a 

random x, y coordinate L0
x, L0

y and angle value L0
θ (rad). The 

position and angle of each following point are then given by 
the following, where s determines the step size and r is ran
domly chosen from its associated interval in each step:

Ln
x = Ln−1

x + s cos (Ln−1
θ ) (1) 

Ln
y = Ln−1

y + s sin (Ln−1
θ ) (2) 

Ln
θ = Ln−1

θ + r, r ∈ −0.5, 0.5[ ] (3) 

These equations describe the movement of the point in the tra
jectory according to its assigned angle in equations (1) and (2), 
followed by a limited randomization of its direction in equa
tion (3). After each iteration, the value of the distance trans
form map J at the current position (Ln

x, Ln
y) is checked to be 

above the threshold of five pixels. If this condition is not 
met, the trajectory ends. As such, the trajectory of the synthetic 
cracks cannot come within a radius of five pixels of a hole in 
the background image, and thus stays on the ridges of the cata
lyst surface. In Figure 4, this is represented by the fourth circle. 
Multiple trajectories are generated per background image 
through repetition of this algorithm. Values such as the thresh
old and angle change intervals were chosen based on empirical 
knowledge from the experimental dataset.

Due to the presence of the LSTM element in the neural net
work architecture, the neural network must be trained with se
quential time-series data. The trajectories generated by the 
previously described algorithm are, therefore, used to generate 
synthetic data sequences with evolving crack features. This is 
achieved by adding the values of a parametric kernel around 
each point of the sequence. The kernel parameters control 
the intensity and width of the kernel, and thereby the resulting 
crack feature. The kernel parameters are systematically varied 
within the sequence to mimic the evolution of the cracks on 
the surface over time. A temporal parameter τ is varied over 
the length of the sequence, which influences the kernel param
eters, generating thicker and more intense lines for higher val
ues of τ. To generate a diverse synthetic dataset, four different 

Fig. 2. Selected QMS output of the ESEM experiment. The graph shows 
the ion current intensities of the desired selective oxidation of 
isopropanol to acetone, and the undesired full oxidation to carbon 
dioxide. It can be seen that there is a peak in the acetone production 
(circled) in the first heating cycle prior to the increase in CO2 production 
that is not present in the second cycle.
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types of sequences are generated as follows, where N is the 
length of the sequence:

Full sequence : τ = {0, 1, 2, . . . , N} (4) 

Slow sequence : τ = n, n +
1j
N

, n +
2j
N

, . . . , n + j
􏼚 􏼛

With : n ∈ 0, . . . ,N{ }, j ∈ 1,2, 3{ } (5) 

Constant sequence : τ = n, n ∈ 1, . . . ,N{ } (6) 

Blank sequence : τ = 0 (7) 

These ranges describe the different possibilities for the tem
poral parameter τ. In the full sequence equation (4), the range 
of τ comprises the full possible range, resulting in a sequence 
that shows synthetic cracks growing from nothing to full in
tensity. The slow sequence equation (5) comprises a subset 
of the full sequence with a higher time resolution. The param
eters j, n are randomly chosen from their associated intervals 
for each sequence.The same sequence equation (6) keeps τ 
fixed at a randomly chosen n. The empty sequence equation 
(7) keeps τ fixed at 0, adding the backgrounds with no cracks 
into the synthetic dataset. This algorithm was implemented 
using Python, with the OpenCV library (Bradski, 2000).

Finally, a noise layer was added to the image, to approxi
mate the noise in the experimental dataset. This is represented 
as a random value from a white noise distribution taken for 
each pixel and added to its value. Representative results of 
this algorithm can be seen in Figure 5. By construction, the 
generated cracks avoid the holes in the background, following 
the distance map. Using this algorithm, a physics-based syn
thetic dataset was generated and used to train a neural net
work. To provide a point of comparison, a random 
synthetic dataset was also generated and used to train a differ
ent neural network as described below. The random synthetic 
dataset was generated using the same algorithm as the physics- 
based synthetic dataset, with the end condition based on the 
distance transform of the background omitted. This results 
in a synthetic dataset where the synthetic crack trajectories 
are taken from unguided random walkers. The main differ
ence between the two synthetic datasets will thereby be the 
presence of overlapping holes and cracks within the random 
synthetic dataset. It should be noted that the generation of 

the trajectories of the random synthetic dataset is still con
structed with the restricted angle movement based on the 
real cracks and therefore is still partially based on the physics 
of the real system.

Neural Network Architecture for Segmentation 
Model
The network architecture that was used is based on the U-NET 
architecture as described in the Introduction, with ResizeConv 
(Odena et al., 2016) layers replacing ConvTranspose layers. 
The ConvTranspose layer used in the original U-NET introdu
ces checkerboard artifacts into the segmentation mask with 
each upsampling. ResizeConv layers provide an alternative 
upsampling method: the image is resized, then convolution is 
performed with a 3×3 trainable kernel. Additionally, a 
ConvLSTM (Shi et al., 2015) layer was placed after the final 
layer of the U-NET. The ConvLSTM layer introduces a recur
rent element to the network, allowing it to take advantage of 
the sequential nature of the input data.

The model was implemented and trained using the PyTorch 
library (Paszke et al., 2019), using cross entropy loss and a 

Fig. 3. Experimental images captured with the LFD of the ESEM. Crack formation in the reaction time-series. Images shown are 50 frames apart, with a 
scan time per frame of 35.40 s. The area captured in the images is different for each image. Contrast has been increased to make features more easily 
discernible. The important features are the “holes”, dark areas visible in (a,b,c) and the “cracks”, the thin dark lines additionally visible in (b,c).

Fig. 4. Synthetic crack generation algorithm. (1) A point is placed with 
random Lx , Ly coordinates and a random angle Lθ. (2) According to the 
angle and position of the first point, the location of the next point is 
determined. (3) The distance transform map value at the new 
coordinates Lx , Ly is checked to be above the threshold, and the angle Lθ 
is randomly adjusted. (4) Steps 2 and 3 are repeated until the distance 
transform map value is below the threshold of five pixels distance from a 
hole. In this case, the algorithm is ended and all points are saved as a 
sequence. If an initial point fails the threshold check, the trajectory is 
discarded, leading to a varying number of trajectories in each sequence. 
Colors shown are qualitative, with darker pixels indicating holes and 
brighter pixels indicating areas further away from holes, greater than the 
threshold.
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stochastic gradient descent optimizer with an unoptimized 
learning rate of 0.8. The final synthetic dataset consisted of 
768 synthetic training sequences consisting of 16 512×512 im
ages per sequence, and 256 synthetic validation sequences, 
with a minibatch size of eight sequences. These parameters 
were chosen through manual hyperparameter optimization. 
The model was trained on an NVIDIA A100 80GB GPU for 
70 epochs. The optimal epoch was then chosen by minimizing 
the validation and training error, and by evaluating the per
formance on the experimental dataset. The implementation 
of the neural network and synthetic data generator can be 
found in Supplementary Material S2.

Results
Model Performance Benchmark
To show the impact of the physics-based distance map compo
nent of the synthetic dataset described in the Dataset section, a 
benchmark was performed between two networks with an 
identical architecture (described in the Synthetic Dataset for 
Model Training section). The physics-based network was 
trained with the physics-based synthetic dataset. The random 
network was trained with the random synthetic dataset.

The benchmark consists of a challenging synthetic test data
set. To generate the synthetic test dataset, the same algorithm 
was used as for the physics-based synthetic dataset, with fewer 
lines (five lines), generated per image. Furthermore, temporal 
information was not supplied in this case: each frame in the se
quence was generated with the same iteration value τ, leading to 
sequences with differences only in noise. In this process, an in
dividual mask was stored for each synthetic crack. The 

binarized output of the models was then evaluated as follows: 
First, to check for true positives (TP), a threshold of pixels 
marked as cracks by the model within each individual mask 
must be reached. Any sufficiently large cluster of marked pixels 
that is not within any of the masks is then marked as a false posi
tive (FP), and any unmarked pixels within the masks are marked 
as false negative (FN). Any remaining marked pixels that were 
not assigned to the other categories are counted as noise pixels. 
A pixel-wise Dice score (Dice, 1945) is calculated as

2TP
2TP + FP + FN

(8) 

where the FP value includes both clustered false positive pixels 
and noise pixels (Carass et al., 2020).

It was found that much of the error in the pixel-wise evalu
ations originated from the model correctly identifying the tra
jectory of a specific crack but differing from the ground truth 
in the thickness of the crack, resulting in false positive or false 
negative errors. In order to evaluate the performance of the 
model purely in identifying the trajectories of the cracks, the 
metric was changed from a pixel-wise evaluation to the num
ber of cracks (out of the five present) identified using this clus
ter approach.

The results of this benchmark can be seen Figure 6. It is clear 
that the physics-based model, in comparison to the random 
walk model, exhibits an overall decrease in the amount of false 
positives at the cost of a minor penalty to the amount of true 
positives when evaluating the synthetic test dataset. The 
Gaussian shapes of the distributions of false positives in 
Figure 6 are expected (following the central limit theorem), 
and show that the synthetic test dataset generated for the 

Fig. 5. (a) Experimental image captured with the LFD of the ESEM. Background taken from an initial room-temperature catalyst image before the heating 
cycle and thus without cracks present. (b,c) Synthetic cracks overlaid on experimental image. Examples of synthetic crack evolution superimposed on the 
background image: Temporal parameter at τ = 7, τ = 15. (d) Distance transform: Colors shown are qualitative, with darker pixels indicating holes and 
brighter pixels indicating areas further away from holes in (a). (e,f) Synthetic-generated masks, used for training data as ground truth, corresponding to (b, 
c). Generated cracks only occupy bright areas of the distance transform map, showcasing the effect of the distance transform map threshold.
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benchmark contains a reliable and diverse distribution of chal
lenging segmentation tasks for the model. The effective result 
of the physics-based component included in the physics-based 
synthetic dataset is that the model becomes much more specific 
toward the crack feature, rather than the holes. This is in ac
cordance with the expectation, as the random synthetic data
set frequently includes the situation where a synthetic crack 
feature overlaps with a hole, confusing the model’s trained fil
ters. Despite coming at a small cost to the rate of recall of the 
feature, this change still infers an improvement of the Dice 
score from the reduction in false positives.

ESEM Data Time-Series Segmentation
In this section, we report the results obtained by applying the 
neural network trained with the physics-based synthetic data
set (as described in the Materials and Methods section) to the 
ESEM experimental dataset.

The model was applied to the whole experimental dataset 
of the ESEM time-series. The result of this can be found as a 
video in Supplementary Material S3, as well as an example 
frame in Figure 7. It can be seen that the model provides a 
reliable segmentation of the dataset. The model is able to seg
ment the crack features as soon as they begin forming on the sur
face, without any false positives prior to the formation of the 
first crack feature. The segmentation remains stable through 
the sudden scene changes and drifting within the microscopy 
data resulting from changes in temperature in the experiment. 
For the intended application of the detection of the formation 
of the crack feature on the surface, the reduction of false posi
tives is of great importance. The observed reduction in the 
area under the curve of the physics-based segmentation output, 
when compared to the random segmentation output (as illus
trated in Fig. 8), can be attributed to such a decrease in false pos
itives. This suggests that the physics-based model provides 

segmentation results that are more aligned with the ground 
truth. Notably, within the low-temperature regime (prior to 
crack formation, occurring before 300 min), the physics-based 
component significantly reduces false positives, highlighting 
the role of the physics-based component in the ability of the 
model to accurately identify the initial nucleation point of the 
crack feature.

Discussion
Comparing the segmented output of the model (crack 
amount) in Figure 8 to the selectivity of the catalyst over the 
experiment, we can get a full picture of the relation between 
these factors. From this, it can be seen that the crack forma
tion occurred on the surface ∼100 min after the maximum 
in acetone selectivity ceased, and that a continuously increas
ing temperature is required to facilitate further crack growth. 
As the relatively low resolution of the ESEM does not show us 
the full nanoscale image of the surface, it appears to us that 
the cracks are a manifestation of an overall surface phase 
change that is initiated around 350◦C and continues to affect 
the surface until the cracks are fully formed. We intend to in
vestigate the nucleation of the cracks further, by letting the 
trained neural network control the microscope. Upon detec
tion of the onset of crack formation, the neural network 
would send a command to the microscope to immediately 
quench the reaction, stopping the heating and gas flow. 
Then, the catalyst can be placed in a higher-resolution elec
tron microscopy setup such as immersion-SEM or TEM to 
gain insights into the nature of the phase change (Kaegi & 
Holzer, 2003; Cao et al., 2020; Sandoval-Diaz et al., 2020; 
Govind et al., 2024).

A restriction of the physics-based synthetic data model ap
proach is the fact that it must be possible to approximately 
model the physical properties of the system. Some systems 

Fig. 6. Accuracy distribution of synthetic data benchmark. Data from 1,024 synthetic test dataset sequences. Input data consisted of sequences with five 
generated crack features persistently present across frames in each sequence. As such, an ideal segmentation would be five true positives and no false 
positives. Segmented and classified as described by two neural networks, one trained with a physics-based synthetic dataset, the other trained with a 
random synthetic dataset. The resulting Dice scores are 0.76 (physics-based) and 0.64 (random).
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may be too complex or otherwise infeasible to apply this ap
proach to. Furthermore, a diverse enough set of background 
(areas with no features) images is a prerequisite to apply this 
method. We plan to investigate the integration of theoretical 
simulation techniques into the construction of synthetic data 
models. Data obtained from such simulations could be used 
directly in the construction of synthetic data models (through 
rendering of structures into images) or supplement known ex
perimental results.

It is likely that the segmentation performance of the physics- 
based synthetic data model could be further improved through 
experimentation with hyperparameters of the U-NET network 
architecture, entirely different network architectures and oth
er machine learning techniques such as utilizing pre-trained 
networks (Hinterstoisser et al., 2017). However, as the focus 
of this work was on the development of the physics-based syn
thetic data generation method, this was considered out of 
scope for this work.

Summary
In this paper, we have shown that the segmentation of a fea
ture on a complex catalyst surface can be accurately 

performed by a neural network trained from random initial 
parameters only with synthetic data. By integrating physical 
characteristics of the features on the catalyst surface into the 
synthetic training data generation algorithm, we achieved su
perior accuracy and greatly decreased false positives.
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